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The heavy-tail distribution function for gene expression in bacteria and tumor tissues
Augusto Gonza´lez
Instituto de Ciberne´tica, Matema´tica y F´ısica, Calle E 309, Vedado, La Habana, Cuba
Based on data on gene expression profiles from microarrays for E. Coli and tumor tissues, I show
that the evolution for thousands of generations leads to a set of strongly over- and under-expressed
genes, as compared to the initial expression profile. This fact is manifested as heavy tails in the gene
expression distribution functions. The tails are heavier – i.e. the fraction of genes and the expression
levels vary much more – in tumors than in bacteria. Different tissue tumors show remarkably similar
tails, indicating a kind of universality in cancer phenomena.
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Introduction. In a recent paper [1], based on re-
sults [2, 3] of a Long Time Evolution Experiment (LTEE)
with E. Coli [4], we found comparable rates of single-
point mutations and large chromosomal rearrangements
in the bacterial genome, and a scale-free (Levy) distribu-
tion function for the sizes of the mutated segments. The
question arise about the variations induced by mutations
in gene expression profiles and, in general, which regu-
larities can be found in the gene expression distribution
functions.
In the present paper, we take microarray gene expres-
sion profile data from the LTEE [5] and the Gene Ex-
pression Omnibus (GEO) [6] in order to compute the
gene expression distribution functions for bacteria and
tumor tissues. We found that these functions exhibit
heavy tails, with a power like decay for large and low
expression levels.
The main results of the paper are the following: 1)
The tails are heavier – i.e. the fraction of genes and the
expression levels vary much more – in tumors than in
bacteria, and 2) Different tissue tumors show remarkably
similar tails, indicating a kind of universality in cancer
phenomena.
The gene expression distribution function in
bacteria. Data on gene expression profiles from the
LTEE can be found in the experiment web page [4, 5].
These data refer to the ancestral strain and two popula-
tions, which independently evolve for 20000 generations.
Four measurements are provided for each of the popula-
tions.
I show in Fig. 1 the comparison between the Ara+1
population and its ancestor. The x-axis refers to the nor-
malized expression for any given gen, that its the quotient
of expression levels, e = E(Ara + 1)/E(ancestor), where
the magnitudes E are averaged over the four measure-
ments. The y-axis, on the other hand, is an integrated
density of states, obtained simply by ordering the genes
according to e and numbering them in reverse order.
Most of the genes show similar expression levels in the
evolved and ancestral populations, that is e ≈ 1. The
distribution function strongly decays for over-expressed
genes. In the figure, a line proportional to 1/e13 is drawn
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FIG. 1. (Color online) Gene expression integrated distribu-
tion function coming from data of the LTEE. The Ara+1
population at Ngen = 20000 is compared to the ancestral
strain. Red lines proportional to 1/e13 and 1/e2.5 are drawn
as references.
as a reference. However, a clear change of behavior is
observed for e near 2, where the decay law changes ap-
proximately to 1/e2.5. The heavy tail of the distribution
contains a set of around 10 genes. We shall see in the next
section that the tail is much heavier in human somatic
tissues experiencing cancer.
The gene expression distribution function in tu-
mor tissues. The LTEE is a very well designed experi-
ment. The researchers have a documented history of the
independent evolution of a set of populations. The data
shown in the previous section correspond to two popula-
tions and a number of generations, Ngen = 20000.
With regard to human somatic tissues, we know that
in a lifetime span the stem cells of some of them realize
around 10000 divisions [7, 8]. If the tissue is in a tu-
mor phase, an increase of the division rate is expected
[9]. Thus, with respect to the number of cell divisions
(generations), the data for tumor cells are comparable to
that of bacteria.
However, there are additional factors, other than mu-
tations, influencing gene expression in a tissue. DNA
methylation is one of the most important [10], for exam-
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FIG. 2. (Color online) Histogram of e values for the data
corresponding to the small cell lung carcinoma. A Gaussian
function is drawn as a reference (red line).
ple. This fact, and the 10-fold higher number of genes,
leads one to expect a much heavier tail in the distribution
function, as compared to bacteria.
I took data from the GEO as described in Table I. They
correspond to independent experiments. I use series for
which the same experiment reported data for both the
normal and the tumor tissue. The gene expression values
for the normal tissue are taken as references in order to
define the normalized expressions.
Fig. 2 shows the histogram (density of states, the curve
in Fig. 1 is the integral of the histogram) of e values for
the data corresponding to the small cell lung carcinoma.
A very symmetric profile is observed, that is there are as
many over-expressed as under-expressed genes. I draw
a Gaussian function with the height and width of the
histogram with the purpose of stressing the tails of the
distribution in both sides.
Fig. 3, on the other hand, is the analogue for tumors
of Fig. 1. The integrated density of states as a function
of e is shown. A very heavy tail proportional to 1/e1.5,
GEO accession code Description Microarray dimension
GSM175790 Breast cancer 54675
GSM175795 Breast normal 54675
GSM523383 Colon AC 25410
GSM523291 Colon normal 25410
GSM523382 Colon normal 2 25410
GSM1024544 Liver tumor 54675
GSM1024559 Liver normal 54675
GSM1060771 Lung SCC 54675
GSM1060752 Lung normal 54675
GSM1348942 Prostate cancer 54675
GSM1348946 Prostate normal 54675
GSM175966 Skin melanoma 54675
GSM175967 Skin normal 54675
TABLE I. Details of the GEO data used in the paper.
FIG. 3. (Color online) The gene expression integrated distri-
bution function for tumors. A reference line proportional to
1/e1.5 is shown in red.
extending from e near 1 to 103, is observed for all tis-
sues, suggesting a kind of universality in the distribution
function of gene expressions for tumors. This is the main
result of the paper, which should be further checked in a
wider dataset, including the information about the evo-
lution (elapsed) time.
This later aspect is better illustrated in Fig. 4, where
data for a normal colon (patient age 55, taken as refer-
ence for normalization), a second normal colon (patient
age 77, labeled as Colon normal 2 in the table), and a
tumor (patient age 52) are compared. Ageing is mani-
fested as an over-expression tail, but the tumor tail is still
heavier (no matter the patient is younger) indicating that
changes in the tumor tissue are much more significant.
The under-expression region for all tissues is depicted
in Fig. 5. Again, a “universal” trend is apparent. The
FIG. 4. (Color online) The effect of ageing in the distribution
function, and the comparison with a tumor. A normal colon
tissue from a 55 years old patient is taken as reference.
3FIG. 5. (Color online) The under-expression region. A refer-
ence line proportional to e1.5 is shown in red.
reference line, proportional to e1.5, is consistent with the
symmetry observed in Fig. 2 between the under- and
over-expression sectors.
Concluding remarks. We found that the time evolu-
tion of a bacterial population or a tissue induces tails of
over-expressed and under-expresses genes, as compared
to the initial profile. For bacteria, these changes are
mainly due to mutations, fixed in the population because
of selective pressures. In the human somatic tissues, be-
sides mutations, there are additional factors influencing
gene expression profiles, among them DNA methylation,
inter-cell signalization, etc. These additional factors, and
the number of genes, which is ten times higher than in
bacteria, leads to heavier tails in the gene expression dis-
tribution functions of the evolved tissues.
In tumor tissues, we found tails involving hundreds of
over-expressed and under-expressed genes, as compared
to the normal tissue. These tails seem very similar in
different tissues, suggesting a kind of universal behavior.
The results are preliminary and should be checked out in
a more extensive data set.
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